Background: Tuberculosis (TB) is a deadly transmissible disease that can infect almost any body-part of the host but is mostly infect the lungs. It is one of the top 10 causes of death worldwide. In the 30 high TB burden countries, 87% of new TB cases occurred in 2016. Seven countries: India, Indonesia, China, Philippines, Pakistan, Nigeria, and South Africa accounted for 64% of the new TB cases. To stop the infection and progression of the disease, early detection of TB is important. In our study, we used microarray data set and compared the gene expression profiles obtained from blood samples of patients with different datasets of Healthy control, Latent infection, Active TB and performed network-based analysis of DEGs to identify potential biomarker. Objectives: We want to observe the transition of genes from normal condition to different stages of the TB and identify, annotate those genes/pathways/processes that play key role in the progression of TB disease during its cyclic interventions in human body.
Introduction
TB is a communicable disease generally caused by the bacterium Mycobacterium tuberculosis (MTB). The lungs are typically affected (pulmonary TB) but other body parts can be also affected (extra pulmonary TB) [1] . The disease spread through air when a person who are infected with active TB expel out bacteria, for example by coughing and sneezing [2] . In 2016, 10.4M individuals infected with TB disease and 1.7M died from the disease (including 0.4 million among people with HIV, 40% of HIV deaths were due to TB). TB kills more adults in India than any other infectious disease (in 2016 an estimated 28 lakh cases occurred and 4.5 lakh people died due to TB). India has the highest burden of both TB and advanced TB (like MDR TB) and second highest of HIV associated TB. In India, the major challenges to curb the TB are poor primary healthcare system in rural areas; due to deregulation of private health care leading to indiscriminate use of I st & II nd -line TB drugs; poverty; spreading HIV-infection;
lack of administrative coordination among government functionaries bodies. In our current study, we used meta-analysis of individual raw microarray data (GSE series) deposited in GEO database, got from blood samples of individuals with different datasets (e.g., Controls vs. TB disease, Control vs. Latent TB, Latent TB vs. TB disease). For subsequent analysis, we were selected that showed a significant differential expression in most of experiments. We have performed gene-transition study from DEGs data and text mining between different stages of TB and classified the DEGs in stage specific manner like Normal to Latent TB infection, Normal to Active TB and Latent TB infection to Active TB, then identified specific interaction network modules and figure out its topological properties to anticipate key regulators among which few have fundamental significance for their biological activities and regulating mechanism. The present method to prioritize the disease genes is mainly centred on the 'guilt-by-developmental process also represent the significant number of protein.
To know the probability of largely occupied protein classes and GO category among the DEGs, we used PANTHER's overrepresentation analysis. When we compared with the reference genome, we found that any of the most abundant categories are overrepresented in the data (Table_1). The five most abundant protein classes "Chemokine", "Cytokine", "Hydrolase", "Ribosomal protein" and "RNA binding protein" were enriched along with the classes "Signaling molecule" and "Cell adhesion molecule". The five highly populated GO-Biological Processes were also enriched in "Cytokine-mediated signaling pathway", "Response to external stimulus", "Immune response", "Locomotion", and "Signal transduction" besides these major classes "Cell communication", "Developmental process", "Cellular process" and "MAPK cascade" were also enriched in GO Biological Processes.
Finally, the top six GO Molecular Functions that were enriched are "Chemokine activity", "Cytokine activity", "Cytokine receptor binding", "Oxidoreductase activity", and "Receptor binding".
Gene-Transition and GO Enrichment Analysis
We filtered out genes that are common in more than one series of data for further study (Table_2). A GO term enrichment analysis was performed to gain a deeper knowledge of these DEGs. We isolated up and down regulated genes from each stage and performed GO Enrichment analysis using DAVID tool. The molecular pathways associated with the differentially expressed genes were identified using KEGG pathway analysis (Table_3 and 4).
• are down regulated. The GO analysis of these DEGs are enriched in "Immune response", "Inflammatory response", "Chemokine activity", "Cellular process", "Biological regulation", "Regulation of metabolic process", "Protein binding", "Catalytic activity", "Bindings" etc. On pathway analysis, most of the DEGs are down regulated (beneficial to pathogen) that are enriched in very important pathways like Toll-like receptors, NF-Kappa B signaling, Cytokin-Cytokin receptor interaction, MAPK signaling pathway, Tuberculosis and TNF signaling.
• Normal to Active TB disease: We found total 153 genes (UP regulated) and 119 genes (Down regulated) among the various cases. In this stage, the DEGs were not only enriched in "Inflammatory response", "Immune response", "Signal transduction", "Response to stimulas", "Apoptotic process", "Cellular process", "Metabolic process", "Binding", "Catalytic activity", "Receptor activity" etc. and the most abundant enriched pathways (for up regulated genes) in this stage belonged to "Cytokine-cytokine receptor interaction "Chemokine signaling", "Toll-like receptor signaling pathway", "NF-kappa B signaling pathway", "Transcriptional misregulation in cancer", "Pathways in cancer" and for down regulated genes, the enriched pathways are "Cell cycle", "Chemokine signaling pathway", "NF-kappa B signaling pathway", "TNF signaling pathway", "PI3K-Akt signaling pathway, "Metabolic pathways" and "MAPK signaling pathway".
• Latent infection to Active disease: In this case, we found that 154 genes are up regulated and 84 genes are down regulated. Compared with healthy controls, TB-disease appeared to be mostly related to "Binding", "Catalytic activity", "Receptor activity", "Transporter activity", "Cellular and metabolic process", "Biological regulation", "Immune response", "Oxidoreductase activity" etc. and the most abundant enriched pathway (for up regulated genes) in this stage belonged to "Metabolic Pathway", "Nod like receptor signaling pathway", "Regulation of Actin cytoskeleton", "Biosynthesis of antibiotics", "Metabolism of xenobiotics by cytochrome p450", "Thyroid hormone synthesis", "Regulation of autophagy", "Peroxisome" and for down regulated genes, the enriched pathways are "Chemokine signaling pathway", "TNF signaling pathway", "RAP1 signaling pathway", "PI3K_AKT signaling", "Metabolic process", "Apoptotic", "Focal Adhesion", "MAPK signaling pathway", "MicroRNAs in cancer" and "Amoebiases".
Gene interaction: Hierarchical Scale-free Network
The classified genes of various stages of TB (Table_2) were used to construct their regulatory network. We have constructed six networks for UP and Down regulated genes separately. The topological parameters of the network obey power law distributions (as a function of degree). The probability of clustering co-efficient C(k), degree distributions P(k), and neighborhood connectivity CN(k) exhibit power law or fractal nature shown in Figure 2 . 
Identification of key regulators and properties
Since the popularity of leading hubs get change according to gene activities and its regulation, so we can't say that all the predictive leading hubs are key regulators for disease progression but few of these hubs can play significant role, which we called them as fundamental key regulators (FKR). The structure of modular and its arrangement are done through Newman and Girvan's standard community finding algorithm at various levels of the organisation.
Using this community finding algorithm, we found that our six networks are hierarchically organised at various levels (Suppli_1A,B). The Hamiltonian Energy (HE) and corresponding modularity (QN) (as a function of levels of organization) are found to be decreased as one goes from top to down organisation ( Figure 3) . To understand the regulating ability of each of the 29 KRs, we calculated the Probability ( ). 
Local perturbations driven by key regulators
The knock-out experiment of all the hubs/motif from the parent networks could able to highlight the local perturbations driven by these individual hub or motif, and their effect on global network properties. It has been revealed that the network is tolerant to hub's deletion that means the important network-elements are still remain after elimination of hubs at level 0 (parent network). One of main cause is that the P-P interactions networks are too dense to be broken into fragments by only removing hubs. However, the elimination of these hubs/motif from the complete network does cause significant variations in the topological properties of the network, where, P(k) and C(k) change significantly in complete network level, whereas CN(k) change slightly. Likewise, the variations in the exponents of centrality measurements (ǫ, η and δ) also significant changes (Figure_5). Since, it is clear from the differences in the exponents of topological parameters that network perturbation increases when on goes to deeper level (top to down direction). In our case, most of the perturbation increases after the 3rd level, at this level elimination of key regulator from network almost breakdown the submodules existing in the deeper levels, such type of behaviour shows that local perturbation is highest at deeper levels.
The local-community-paradigm: Evidence of self-organization
The LCP architecture supporting the quick transfer of data across the several network-modules and through the local processing too. We have analysed all the six networks to check the maintenance of its self-organization at different levels using LCP method. negatively regulated by this pathway [19] . The FoxP3+Treg cells activation which will assist to set up a new target for the involvement of TB immunotherapy molecules as part of the immune-escape mechanism to provide a theoretical basis is inhibited by M.tuberculosis [20] . In the case of latent infection to TB disease few additional pathways are involved like Regulation of Actin cytoskeleton during MTB infection, to maintain the stability of the cytoskeleton, macrophages cells themselves are also trying to regulate cytoskeletal associated proteins [21] . Thyroid hormones (hormones, T4 and T3) are made by thyroid gland which is essential for the regulation of metabolic processes throughout the body.
The regulation of autophagy is important for host in response to invading mycobacteria, the naïve host defence system recognizes pathogen motifs through innate receptors but also produces appropriate effector proteins, including cytokines. These innate signals regulate autophagic pathways by up regulation of genes of this pathway during infection [22] . Recently, a study reports that the enzyme Msm_ACTase (from bacteria) aids in scavenging increased amount of H2O2 due to over expression of genes involved in peroxisome pathway which gives insight to a new mechanism how the pathogen surpass the host defense in Mtb infection [23] . Moreover, Macrophages are the main effector cells responsible for killing pathogen (MTB) via different mechanisms, including apoptosis but important genes in this pathway were down regulated by MTB that slow down or stop the apoptotic process [24] . Most of the MicroRNAs that were found deregulated in cancer are effected by Mtb in a similar way while its infestation like deletion, mutation, and epigenetic silencing [25] .
In the field of pharmacogenomics, to understand the regulation of diseasenetwork is the great application in the drug discovery. We have tried to build the networks emphasis on genes that are regulated by network and this [34] . It has been shown that the gene TNFAIP3 (A20) is a cytoplasmic zinc-finger protein that is induced under inflammatory conditions and acts as a negative-feedback regulator of NF-κB activation in response to multiple stimuli [35] . It has been shown that IRAK2 and its genetic variants as critical factors and potentially novel biomarkers for human antiviral innate immunity [36] and MAP3K8 is a serine-threonine kinase has a critical function in integrating host immune responses to complex pathogens [37] . The down regulation of these genes has allowed the process of host defense to cease and give time to bacteria for progression. Besides of these down regulated genes few genes are up regulated as Host responses against pathogen e.g., NLRC4 gene is associated with inflammasome signaling, Its up regulation means Inflammasome activation (play an important role in host defence against Mtb) not only leads to cytokine secretion but may also cause pyroptosis [38] [39] and NDUFS8 genes also play important role in host immunity by increase expression level [40] . It has been reported that LRRK2 is involved in the ifn-γ response and host response to pathogens [41] and the genes DDX58 which interact with IRGM and promote its K63-linked polyubiquitination, indicating that IRGM is positioned at a nexus of various innate immunity [42] while SAMD9L and EIF2AK2 are play key roles in the innate immune responses to multiple stimuli, IF2AK2 is also involved in the regulation of signal transduction, apoptosis, cell proliferation and differentiation [43] [44]
[45].
Material and Method
The complete work flow of study is illustrated in Figure 7 .
Inclusion Criteria for Differentially Expressed Genes
A set of 11 microarray data sets GSE54992 [46] , GSE52819 [47] , GSE64335 [48] , GSE11199 [49] , GSE98750 [50] , GSE78233 [51] , GSE57736 [52] , GSE16250 [53] , GSE27882 [54] GSE57028 [55] , GSE83456 [56] were selected from the NCBI GEO repository database (http://www.ncbi.nlm.nih.gov/geo/). It is currently largest and comprehensive public gene expression database. A total of 248 samples taken from the above GSE series, were divided into 3 clusters:(a) Healthy control (n=97), (b) Latent TB infection (n=12) and (c) active TB (n=139), shown in Figure 8 . According to the corresponding correlation between the probe and gene from the data, the probe numbers of the expression profile were converted into the corresponding gene symbols using the Synergizer or DAVID [57] [58] . One gene corresponds with multiple probes, thus each gene has more than one expression value. Therefore, the average value was calculated and selected as the only representative value.
Background correction and quartile data normalization were performed by the robust multiarray average in R affy package (Affymetrix). The limma package (Affymetrix) [59] was used to identify the DEGs among the Healthy control, Latent Tb and Active TB. The adjust P value < 0.05 and |logFC| ≥1.5 were set as the cut off criterion. We have used the BRCW (Bioinformatics & Research
Computing website (http://jura. wi.mit.edu/bioc/tools/compare.php)) to select the DEGS which is same in at least two datasets of gene expression profile.
Gene Classification, Ontology and Pathway Analysis of DEGs
To know the significance of the identified DEGs, we have categorized them by GO-molecular function, GO-biological process and protein class using the Protein 
Gene-Transition among different stages of TB
In order to gets the behaviour of normal gene expression perturbation we tried a normal way for finding genes associated while moving from one stage to another. In all the transition we took into consideration has been provided by a list of UP and Down regulated genes, these gene(s) in both the cases (i.e. stage from which is transferred to the targeted stage) has its own meaning. This meaning to a gene(s) regulation gives us an opportunity to say something about the ongoing mechanobiology inside the cell. So, to observe these transitions we framed our study in such a way (based on the data we've got) that is to take every possible transition in view. These transitions are discussed in brief as follows. In this study, we made comparison of the gene-expression profiles among individuals with normal conditions, latent infection, active TB. Thus, we observed the expression of genes from normal to different stages of the TB and try to arrest those genes which play key role in progression of TB disease.
• Normal to Latent infection: In this section, we have taken those DEGs which are involved in between normal to latent TB condition. In LTBI, the bacteria remain inactive form for many years (years-decades) before transforming into TB disease. In this study, we have studied several biological processes, important pathways that lead to the latent infection for identification of latently infected individuals
• Normal to Active TB: In this section, we have taken those genes which are differentially expressed in TB disease condition as compared to normal and identified those immune process and pathways which are prominent in TB disease.
• Latent infection to Active TB: In this section, we have taken those
DEGs which is involved in between latent TB to active TB disease. The individual with Latent Tb infection eventually reactivates and becomes infectious, seriously influencing epidemiological situation. Mechanisms of MTB transition to dormancy and TB reactivation are inadequately understood, and biomarkers of latency remain largely mysterious [63] .
Characterization of Topological Properties of Networks
The structural properties of complex networks are characterized through the behaviours of the topological parameters. The following topological properties of the networks were studied to learn the important behaviours of the network: Degree distribution, Neighborhood connectivity, clustering co-efficient, Betweenness centrality, Closeness centrality and Eigenvector centrality.
• Degree distribution: In a network, the degree k is a centrality measure that represents the number of links the node connects with other nodes. For a network defined by a graph = ( , ), where N and E are number of nodes and edges respectively, the probability of degree distribution (P(k)) of the network is the ratio of the number of nodes having degree to the network size;
( ) =
Where, nk is the number of nodes having degree k and N is the total number of nodes in the network. ( ) indicates the importance of hubs or modules in the network. It obeys power law P(k) ~ k −γ in scale-free and hierarchical networks depending on the value of γ which specifies the importance of hubs or modules in the network [64] .
• Neighborhood connectivity: The number of neighbours of a node is considered as its connectivity. The neighborhood connectivity of a node n is defined as the average connectivity of all neighbors of n [65] . In the network (CN(k))
Neighborhood connectivity is given by,
where, ( ) is the conditional probability that a link belonging to a node with connectivity 'k' points to a node with connectivity 'q'. The positive power dependence of CN(k) could be an indicator of assortativity in the network topology.
• Clustering co-efficient: This property of a network represents the measure of the interconnection of a node with its neighborhood node and strength of its interconnection. It is the ratio of the number of its nearest neighborhood edges ei to the total possible number of edges of degree ki. For an undirected network, clustering co-efficient (C(ki)) of i th node can be calculated by,
• Betweenness centrality: Betweenness centrality CB of a node represents the prominence of information flow in the network, and the extent to which the node has control over the other nodes in the network through communication [66] , [67] .
If dij(v) indicates the number of geodesic paths from node i to node j passing through node v, and dij indicates number of geodesic paths from node i to j, then betweenness centrality (CB(v)) of a node v can be calculated by,
• Closeness centrality: Closeness centrality (CC) measures how fast information is spread from a node to other nodes accessible from it in the network [68] . The CC of a node i is the reciprocal of the mean geodesic distance between the node and all other nodes connected to it in the network, and is given by, ( ) = ∑ where dij represents the geodesic path length from nodes i to j, and n is the total number of vertices in the graph reachable from node i.
• Eigenvector centrality: Eigenvector centrality of a node i (CE(i)) in a network is proportional to the sum of i's neighbour centralities [69] , and it is given by, ( ) = ∑ = ( ) where, nn(i) indicates nearest neighbors of nodes i in the network. λ is eigenvalue of the eigenvector vi is given by, Avi = λvi where, A is the adjacency matrix of the network (graph). The principal eigenvector of A, which corresponds to maximum eigenvalue λmax, is taken to have positive eigenvector centrality score. Eigenvector centrality can be used as an indicator of node's spreading power in the network.
Community Analysis: Leading Eigen-vector method
In hierarchical network, to distinguish the nature of modular and its properties is important to explaining the predicting about the activities of network at various levels of hierarchy and access the organizing principle of the network. In our study, the Leading Eigen Vector method (LEV) [70] , [71] was used to detect the communities in R from package 'igraph' [72] . The LEV method is the most promising one for community detection as it calculates the Eigen value and exemplifying the significance for each link.
To grub only motif, we detected modules from complete network and then sub-modules from the modules at each level of organization.
Modularity: Modularity determine how a network is divided in communities [73] .
Modularity (Q) is expressed as follows,
where m is the total number of edges in the community, Aij is the adjacency matrix of size i × j, k represents degrees, and the δ function yields 1 if nodes i and j are in the same community.
Genes Tracing
To access the regulation of network, we first tried to find out the most influential nodes within the network. The gene tracing (up to motif level) was done purely on the appearance of the respective genes in various sub modules obtained from the clustering.
Then these genes were used to get the picture of changes in the network-organization in their absence.
Hub Knock out Experiment
To know the changes of organization within the complex network in the absent of most influencing nodes, we must do removal of constructed rich-clubs or leading hubs (breaking monopoly) in the networks. We consecutively eliminate all the important hubs (one by one) from each network and measured the network properties of the reorganized network to characterize the regulating abilities of the hubs by calculating the degree of structural change due to their absent. The topological properties of the network were estimated using Network Analyzer, and for eigen value calculation, we used CytoNCA [74] , plug-ins in Cytoscape for topological properties.
LCP-DP approach to estimate the network compactness
The representation of topological properties of a network in 2D parameter space of common neighbors (CN) index of interacting nodes and local community links (LCL) of each pair of interacting nodes in the network, and it provides information on number, size, and compactness of communities in a network, which can further be used as a measure of self-organization in the network [75] . The CN index between two nodes x and y can be calculated from the measure of overlapping between their sets of first-nodeneighbors S(x) and S(y) given by, = ( ) ∩ ( ). If there is significant amount of overlapping between the sets S(x) and S(y) (large value of CN), the possible likelihood of interaction of these two nodes could happen and so an increase in CN represents the rise in compactness of the network, showing its faster information processing abilities.
Further, the LCLs between the two nodes x and y, whose upper bound is defined by, 
Energy Distribution in the network: Hamiltonian energy calculation
The Hamiltonian energy (HE) is used to organize a network at a certain level by following the formalism of Constant Potts Model [77] , [78] . The energy distribution at the global and modular level of a network is given by Hamiltonian energy (HE), which is in the selforganization of the system. Hamiltonian energy of a network or module or sub-module can be measured by,
[ ] = − ∑ [ − ]
Where ec and nc are the number of edges and nodes in a community 'c' and 'γ' is the resolution parameter acting as an edge density threshold which is set to be 0.5.
